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ABSTRACT

Objective To build a prostate cancer (PCa) risk prediction model based on common clinical indicators to
provide a theoretical basis for the diagnosis and treatment of PCa and to evaluate the value of artificial intelligence
(AI) technology under healthcare data platforms.

Methods After preprocessing of the data from Population Health Data Archive, smuothly clipped absolute
deviation (SCAD) was used to select features. Random forest (RF), support vector machine (SVM), back
propagation neural network (BP), and convolutional neural network (CNN) were used to predict the risk of
PCa, among which BP and CNN were used on the enhanced data by SMOTE. The performances of models were
compared using area under the curve (AUC) of the receiving operating characteristic curve. After the optimal
model was selected, we used the Shiny to develop an online calculator for PCa risk prediction based on predictive
indicators.

Results Inorganic phosphorus, triglycerides, and calcium were closely related to PCa in addition to the
volume of fragmented tissue and free prostate-specific antigen (PSA). Among the four models, RF had the best
performance in predicting PCa (accuracy: 96.80%; AUC: 0.975, 95% CI: 0.964-0.986). Followed by BP (accuracy:
85.36%; AUC: 0.892, 95% CI: 0.849-0.934) and SVM (accuracy: 82.67%; AUC: 0.824, 95% CI: 0.805-0.844).
CNN performed worse (accuracy: 72.37%; AUC: 0.724, 95% CI: 0.670-0.779). An online platform for PCa risk
prediction was developed based on the RF model and the predictive indicators.

Conclusions This study revealed the application value of traditional machine learning and deep learning
models in disease risk prediction under healthcare data platform, proposed new ideas for PCa risk prediction in
patients suspected for PCa and had undergone core needle biopsy. Besides, the online calculation may enhance the

practicability of Al prediction technology and facilitate medical diagnosis.
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INTRODUCTION

Prostate cancer (PCa) is a worldwide health issue
that poses a major threat to men’s health ™. Early diag-

Received March 21, 2022; accepted August 24, 2022; published
online September 20, 2022.

*Corresponding authors: Zhuang Cui, zhuangcui417@126.com;
Changping Li, changpingli417@126.com.

© The authors 2022. Published by Chinese Academy of Medical
Sciences. This is an open access article attributed under the CC
BY-NC license (http://creativecommons.org/licenses/by-nc/4.0).

nosis and treatment of PCa can improve the treatment
effectiveness. However, PCa and prostatic hyperplasia
are difficult to distinguish based on symptoms alone.
Prostate specific antigen (PSA) has been widely
employed in PCa screening, diagnosis, staging, effica-
cy monitoring, and prognosis evaluation as the most
essential marker for the clinical diagnosis of PCa. PSA
levels are affected by a variety of variables, including
age and body mass index (BMI)*?!, Furthermore, cor-
rect PCa diagnosis is beset by a slew of practical issues,
including invasiveness and cost. Therefore, it is of great
significance to use common clinical indicators to build a
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PCa prediction model that can lower medical expenses
and increase early diagnosis and treatment rates.

In our current study, random forest (RF), sup-
port vector machine (SVM), back-propagation neural
network (BP), and deep learning convolutional neural
network (CNN) were used to build PCa risk prediction
models with clinical indicators in this study, which were
based on the PCa data set from the Population Health
Data Archive.

METHODS

Participants

The Prostate Cancer dataset from the Population
Health Data Archive (PHDA) was used in this study™,
which included 1000 male patients, with 427 PCa cas-
es and 573 prostatic hyperplasia cases. The flow chart
is shown in Fig. 1.

For modeling and prediction, the following data
were used: a) demographic information; b) prostate
indicators; c) serum enzymes examination; d) blood
biochemical indicators; and e) electrolyte indicators,
the indicators for details were shown in Table 1.

Feature engineering

Data Cleaning

Box diagram division was used to modify or remove
outliers, and multiple imputation was used to fill in
the missing values using R software (“MICE” pack-
age). Regular expression was used to extract volume
of core-biopsy sampled tissue and offwhite fragile tis-
sue in biopsied samples, with the presence (or not) of
prostatic hyperplasia and the volume of total prosta-
tectomy being new variables. The average value was
calculated if the volume of core-biopsy sampled tissue
was measured multiple times.

New Variables
1) Estimated glomerular filtration rate (eGFR):

eGFR =141xmin (%,lja X max (%,lj - x0.993%¢ »1.1
(1)
the above is the Chronic Kidney Disease Epidemi-
ology Collaboration (CKD-EPI) creatinine equation™,
where k=0.9 for males and x=0.7 for females, a=-0.329
for females and a=-0.411 for males, min(Cr/x,1) is the
minimum value between Cr/x and 1, and max(Cr/x,1)
is the maximum value between Cr/x and 1.

2) Free prostate-specific antigen ratio (rPSA):
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Figure 1. Research flow chart of PCa risk prediction
SCAD: smoothly clipped absolute deviation; SMOTE: syn-
thetic minority oversampling technique
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Data Enhancement

The small sample size in this study would presumably
reduce the prediction power of deep learning. There-
fore, the Synthetic Minority Over-sampling Technique
(SMOTE) was used for data enhancement before the
model construction. SMOTE can effectively counter
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Table 1. The variables from the dataset and abbreviations
used in modeling and prediction of prostate cancer in this

study
Abbrevi-
Indicator .
ation
Demographic information
Age =
Height -
Weight -
Body mass index BMI
Prostate indicators
Free prostate specific antigen fPSA
Total prostate specific antigen tPSA
Free prostate-specific antigen ratio rPSA
Volume of core-biopsy sampled tissue CBV
Offwhite fragile tissue in biopsied samples OFT
Transurethral resection prostate TURP
Presence of accompanying prostatic hyperplasia -
Volume of prostate PV
Serum enzymatic examination
Alkaline phosphatase ALP
Creatine kinase isoenzyme CK_MB
Lactic dehydrogenase LDH
Creatine kinase CK
Blood biochemical indicators
Creatinine CR
Albuminous ALB
Serum uric acid UA
Triglyceride TG
High density lipoprotein cholesterol HDLC
Low density lipoprotein cholesterol LDLC
Apolipoprotein Al ApoAl
Apolipoprotein B ApoB
Estimated glomerular filtration rate eGFR
Electrolyte indicators
Potassium K
Inorganic phosphorus iP
Sodium Na
Inorganic calcium iCa
Chloride CL

class imbalance by generating new samples from the
existing cases. Each minority class sample and the
k-nearest neighbors have attributes in common with
the synthetic sample. Therefore, without duplicating
the original data, SMOTE might balance the class ratio
and amplify the features of the minority class'®.

Feature selection

Features were selected by Smoothly Clipped Absolute
Deviation (SCAD). SCAD can select significant vari-
ables and estimated model coefficients. With sym-
metric and non-concave penalty function, SCAD can
process singular matrices to create sparse solutions.
Compared with ridge regression, SCAD can reduce the
prediction variance of the model. Compared to Lasso,
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SCAD can reduce parameter estimation bias.

Statistical analysis

Random forest

Rondom forest (RF) is an ensemble learning method for
classification and regression problems, in which many
decision trees are constructed and average predictions
are produced’. RF can model complex data sets with-
out assuming that variables are regularly distributed or
that other prerequisites are met, and it has a high noise
and outlier tolerance, allowing it to effectively deal with
complex nonlinear interactions and balance the errors
of unbalanced data. In our current study, RF model was
constructed in Python (“sklearn.tree” module).

Support vector machine

The basic model of support vector machine (SVM) is
a classifier that defines the maximum margin in the
feature space. SVM finds a hyperplane to correctly cat-
egorize training samples that are linearly separable. In
real-world jobs, however, such hyperplane may not ex-
ist in the original sample space. In this case, SVM uses
a kernel function to translate the samples from the in-
put space to a higher-dimensional “Reproducing Kernel
Hilbert Space”, thereby separating the samples linearly
separable in this feature space and effectively solving
nonlinear problems™. In our current study, SVM was
modeled in Python (“sklearn.svm” module).

Back-propagation neural network

Back-propagation (BP) neural network, a multi-layer
feedforward neural network, is characterized by signal
forward propagation and error backpropagation. It can
classify arbitrary complicated patterns and perform
good multi-dimensional function mapping, as well as
solve exclusive OR (XOR) and some other problems
that a simple perceptron cannot answer. BP consists of
three basic parts: input layer, hidden layer and output
layer. In our current study, BP was constructed in Py-
thon (“TensorFlow” module).

Convolutional neural network

As one of the most common deep learning methods,
the convolutional neural network (CNN) is a feedfor-
ward neural network with convolutional processing and
a deep structure . CNN can perform supervised and
unsupervised learning, as well as translation invariant
categorization of input data based on its hierarchical
structure. A typical CNN consists of five parts: input
layer, convolutional layer, activation function layer,
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pooling layer, and full connection layer. In our current
study, BP and CNN were constructed in Python (“Ten-
sorFlow” module).

Dataset division and the model evaluation indicators
The test set was substituted for prediction after the pre-
diction model was created using RF, SVM, BP, and CNN
models. Deep learning models used 3000 bits of data
enhanced by SMOTE for training to ensure the stability
of its training and prediction, while machine learning
models used original data to ensure the accuracy of
their predictions. The models divided the training set
and the test set according to 3:1. The evaluation of
model performances included accuracy, precision, recall,
and area under the receiver operating characteristic
(ROC) curve (AUC). In general, a model with a substan-
tially lower AUC value is a worse model.

RESULTS

Variable screened by SCAD

This study preliminarily appraised the strength of the
association between variables and outcomes, excluded
collinear variables, and used the SCAD model to filter
variables in order to obtain a stable prediction model.
The cross-validation error (CVE) of the model was the
smallest when the 14th variable was selected, and the
variable screening effect was the best at this time (Fig.
2). A total of 14 variables, namely BMI, ALB, CK_MB,
fPSA, Ca, iP, iCa, LDH, CK, TG, LDL, ApoA1l, ApoB, and
CBV, were finally chosen as potential indicators for the
prediction model.

Prediction of PCa outcomes in four models

RF model

The optimal parameters were set as the maximum
number of features (mtry) to be 12, and the number
of decision trees (ntree) to be 600. Furthermore, the
minimum error model was obtained (Fig. 3 A, B, and
C). Fig. 3D is the variable importance ranking dia-
gram. A higher ranking means greater impact on the
accuracy of the model. The confusion matrix of model
prediction results is shown in Table 2.

SVM model

The SVM model was constructed with the selected
variables. The best parameters were Gaussian kernel
function with gamma of 0.0013, a cost of 12.5, and a
total of 214 support vectors. The confusion matrix of
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Figure 2. The screening of variables by SCAD model

The abscissa represents the number of included variables.
After 39 parameter adjustments, the CVE was the small-
est, which included 14 variables.

model prediction results is shown in Table 2.

BP model and CNN model

In general, the number of neurons in the input layer
should be the same as the number of selected vari-
ables, and the number of nodes in the output layer be
consistent with the study target parameters in a deep
learning prediction model %!, In our current study, the
number of nodes in the input layer was 14, the number
of nodes in the hidden layer was 8, and the number
of nodes in the output layer was 2. After parameter
search and cross-validation, BP model was finally built
by 4 hidden layers, with the activation function being
“ReLU” and the optimizer being "Adam”; CNN model
was finally builded by 1 convolution layer, 1 pooling
layer, and 3 hidden layers, with the activation function
being “ReLU” and the optimizer being "Adam”. The
model training prediction effect is shown in Fig. 4. The
confusion matrix of model prediction results is shown
in Table 2.

Comparison of the prediction results of the four
models

Table 3 shows that the prediction accuracies of the
RF, SMV, BP, and CNN models were 96.80%, 82.67%,
85.36%, and 72.37%, and the AUC values were 0.975,
0.824, 0.892, and 0.724, respectively. RF model had
the best prediction performance among these four
models, followed by the BP model, the SVM model
which had a comparable prediction result to the BP
model, and the CNN model which performed slightly
worse. The ROC curves of the four models are shown
in Fig. 5.
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Figure 4. The training and prediction effects of the back propagation (BP) and convolutional neural network (CNN) models

PCa risk prediction online calculation based on
machine learning algorithm

Based on the optimal machine learning algorithm, we
selected the RF model and developed an online calcu-
lator for PCa risk prediction with the Shiny (www.shin-
yapps.io)'*'l. The webpage preview is shown in Fig. 6.
The PCa risk is presented on the right side of the inter-
face when users enter the value of each indicator and
clicks “Calculate”. It should be noted that, this online

calculation is only designed for preliminary PCa risk
assessment and cannot replace clinical diagnosis.

DISCUSSION

Using the PCa dataset of Population Health Data
Archive, we discovered 14 important variables by a liter-
ature study and SCAD, and then RF, SVM, BP, and CNN
were applied to classify and predict PCa. To build models,
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Table 2. The confusion matrix of prediction results of four

models
Non-PCa 149 3 152
PCa 5 93 98
Column total 154 96 250
SVM model
Non-PCa 141 26 167
PCa 26 107 133
Column total 167 133 300
BP model
Non-PCa 264 47 311
PCa 19 270 289
Column total 283 317 600
CNN model
Non-PCa 74 21 95
PCa 35 71 106
Column total 109 92 201

Table 3. The comparison of AUC values of four models in
test set

RF  96.80  96.88 94.90 0.975 (0.964, 0.986)
SVM 82.67  80.45 80.45 0.824 (0.805, 0.844)
BP  85.36  85.17  93.43 0.892 (0.849, 0.934)
CNN  72.37  77.18  66.98 0.724 (0.670, 0.779)
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Figure 5. The comparison of ROC curves of four models

the neural networks that are better suited for big data
used 3000 bits of data enhanced by SMOTE. We used
a variety of evaluation indicators to measure and visu-
alize the model’s predictive ability. The best model for
predicting PCa was determined, as well as the variable
importance ranking of PCa. Finally, a machine learning
technique was used to create an online calculation.

The best performance in the classification and
prediction of PCa was achieved by RF, which differs
from traditional decision trees in that it uses bagging
to introduce random attribute selection during train-
ing. The purpose of BP is to minimize the accumulative
error, and CNN combines multiple convolutional layers
and pooling, which is essentially sub-sampling to re-
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duce the amount of data. Even after SMOTE enhance-
ment, the small sample data with CNN lost a lot of
features in this study. SVM has a lower training perfor-
mance than BP, which may be due to the fact that the
current features and data are not mapped to the most
appropriate feature space.

In addition, we found that CBV, fPSA, P, TG, iCa,
and other clinically common biochemical markers were
closely related to PCa. fPSA level rises with age and
differ significantly by race!*?. Although further research
is needed to validate the link between P and PCa'**, p
has been found to be one of the most important indi-
cators in the early diagnosis of PCa!**. As an organic
compound, TG is one of the risk factors for PCal***®, It
is possible that androgens regulate the expressions of
lipid genes, resulting in the buildup of neutral lipids (TG
and cholesterol) and consequently the development of
PCa. iCa plays an important role in glandular secretion
as it can promote the secretion of vascular endothelial
growth factor and increase the transcription level of
hypoxia-inducible factor related to tumor genesis and
metastasis. In addition, calcium-binding protein can
induce carcinogenesis ™",

The innovation of this study is the online calcula-
tion for PCa risk based on machine learning algorithm.
The visual interactive interface makes diagnosis of the
diseases easier or faster in indivisuals who are suspect-
ed for PCa and have undergone core needle biopsy, and
the online calculation can translate PCa prediction into
intuitive quantitative information, giving good reference
for medical diagnosis. However, our current study had
several limitations. The dataset we used in developing
the prediction model of PCa came from publicly avail-
able clinical data. The dataset does not include some
common indicators (e.g., multiparametric prostate MRI)
in diagnosis and treatment of PCa. Since the dataset is
characterized by suspected PCa patients with variables
from clinical settings, the target population for the pre-
diction model was limited to patients who were suspect-
ed for PCa and had undergone core needle biopsy and
associated laboratory examinations. For the predictive
model, external validation is needed to determine its
generalization when applying to patients from other
hospitals; the indicators included in the model need to
be optimized in the future to make them clinically prac-
tical for individuals at high risk of PCa.
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